Abstract-Upstream open reading frames (uORFs) are open reading frames that occur within the 5' UTR of an mRNA. uORFs have been found in many organisms. They play an important role in gene regulation, cell development, and in various metabolic processes. It is believed that translated uORFs reduce the translational efficiency of the main coding region. However, only few uORFs are experimentally characterized. In this paper, we use ribosome footprinting together with a semi-supervised approach based on stacking classification models to identify translated uORFs in Arabidopsis thaliana. Our approach identified 5360 potentially translated uORFs in 2051 genes. GO terms enriched in genes with translated uORFs include catalytic activity, binding, transferase activity, phosphotransferase activity, kinase activity, and transcription regulator activity. The reported uORFs occur with a higher frequency in multi-isoform genes, and some uORFs are affected by alternative transcript start sites or alternative splicing events. Association rule mining revealed sequence features associated with the translation status of the uORFs. We hypothesize that uORF translation is a complex process that might be regulated by multiple factors. The identified uORFs are available online at: https://www.dropbox.com/sh/zdutupedxafhly8/AABFsdNR5zDfiozB7B4igFcja?dl=0. This paper is the extended version of our research presented at ISBRA 2015.
I. INTRODUCTION

U
PSTREAM OPEN reading frames (uORFs) are open reading frames that appear in the 5' untranslated region (UTR) of an mRNA. uORFs have been found in many organisms; they have been linked to diseases, and some uORFs play an important role in cell development and gene regulation. It is believed that translated uORFs attenuate translation of the downstream main open reading frame (main ORF) [1] - [4] . It is estimated that there are more than 20 000 uORFs in Arabidopsis genome, but only few uORFs are experimentally characterized and in most cases it is unknown what biological function they have, and if they are translated [5] - [7] . Experimental identification of functional uORFs is time-consuming, and so far, only few uORFs have been directly investigated through forward genetic analysis at the whole plant level [8] , [9] . A genome-wide identification of translated uORFs via mass spectrometry has been challenging due to the short length of the encoded proteins [10] . Several studies have used evolutionary conservation to predict functional uORFs [11] , [12] . For example, in [12] , the authors have developed a BLAST-based algorithm to identify conserved uORFs across various plant species. Their approach resulted in 18 novel uORFs in Arabidopsis thaliana. Unfortunately, conserved uORFs only account for a small part of the uORFs in the Arabidopsis genome-currently, the TAIR database lists only about 70 conserved uORFs which account for less than 1% of total uORFs [10] . The biological function and translation status of most uORFs is still unknown. Recently, ribosome footprinting (RF) has been developed to investigate translation via deep sequencing of ribosome protected mRNA fragments (ribosome footprints) which provide evidence for translated regions [13] . Several studies have used RF information to identify translated open reading frames and translation initiation sites (TISs). For example, Fritsch and colleagues analyzed the coverage of ribosome footprints upstream of annotated TISs and trained a neural network to detect novel TISs. This experiment identified 2994 novel uORFs in the human genome [14] . A similar study in mouse used a support vector machine to learn the distribution of ribosome footprints near TISs and identified 13 454 candidate TISs [15] .
In this paper, we used a semi-supervised approach that uses RF data with additional gene information to learn features of translated uORFs in Arabidopsis thaliana. Semi-supervised learning is a machine learning technique that uses unlabeled data in conjunction with few labeled data points for training. If the data follows certain smoothness, cluster, or manifold assumptions, semi-supervised learning can more precisely capture the characteristics of data than a purely supervised learning approach, and as a result it can produce very accurate predictions using only few labeled data points, for a thorough review see [16] . Semi-supervised learning has been applied in many areas such as text mining, disease classification and pattern recognition [17] - [19] . The approach is most useful in scenarios where labeled instances are expensive and hard to obtain, while unlabeled data is relative easy to collect, similar to the situation in our data. We combine semi-supervised learning with a stacking-based classification model that combines RF data with additional gene information to identify translated uORFs. Stacking combines the predictions of several base-level classifiers by a meta-level classifier to improve predictive accuracy [20] , [21] . Our algorithm discovered 5360 translated uORFs that occur in 2051 genes. Analysis of the predicted uORFs shows that the enriched GO-terms of the uORF-containing genes include catalytic activity, binding, transferase activity, phosphotransferase activity, kinase activity, and transcription regulator activity and that uORFs are prevalent in multi-isoform genes. Analysis of translation efficiency shows that genes that contain translated uORFs tend to have lower translation efficiency in the main ORF. Association rule mining revealed groups of sequence features that are associated with the translation status of uORFs. Our results suggest that uORF translation is a complex process that may be influenced by multiple factors. This paper is the extended version of our research presented at ISBRA 2015 [22] .
II. MATERIAL AND METHODS
We used Ribo-seq and accompanying RNA-seq data (NCBI SRA accession number SRP056795) from a study of gene-specific translation regulation mediated by the hormone-signaling molecule EIN2 [23] and developed a semi-supervised learning approach combined with stacked classification to identify translated uORFs in Arabidopsis. Our approach is outlined in the following, a detailed description of the individual steps and the semi-supervised learning algorithm is provided in parts A-F.
We start with aligning ribosome footprints and the corresponding mRNA reads to the genome sequence of Arabidopsis thaliana. The aligned reads were assigned to predicted uORFs and annotated main coding regions. For each uORF, 12 features were extracted for the subsequent analyses. Then, -means clustering was used to construct a training dataset. Subsequently, five different base-level classifiers were trained, and a stacking approach was used to combine the results of the base classifiers. Finally, association rule mining was applied to explore sequence features that associate with the translation status of uORFs.
A. Data Preparation
Ribosome footprints and RNA-seq data were generated from Arabidopsis seedlings. We analyzed over 90 million reads from two biological wildtype replicates. First, we performed quality control and removed adaptor sequences and low quality reads using the FASTX-Toolkit (http://hannonlab.cshl.edu/fastx_toolkit/). The resulting reads were aligned to the genome sequence of Arabidopsis thaliana using Tophat [24] . Reads that mapped to multiple genomic positions, as well as reads with length smaller than 25 bp, or larger than 40 bp, were discarded. The remaining reads were assigned to transcript regions using custom Perl scripts. Genome and transcript sequences, as well as gene annotation were downloaded from The Arabidopsis Information Resource (TAIR, version 10, http://www.arabidopsis.org/). We generated an exhaustive list of uORFs, where each uORF corresponds to a sequence of start codon (ATG), followed by one or more amino acid coding codons, and a stop codon (TAG, TAA, or TGA) in frame. All generated uORFs start in the 5'UTR, but they might extend beyond this transcript region. We excluded uORFs that consist of only a start and a stop codon (but no additional codons) from our analysis, because such uORFs are not considered to be functional [25] . This resulted in 29 629 uORFs in 7831 genes.
B. Feature Extraction
In general, translation of an open reading frame can be divided into 3 stages: initiation, elongation, and termination. Each stage corresponds to a particular ribosome moving pattern [26] . During translation initiation, a ribosome scans through mRNA and starts translation when a translation start site is recognized. The speed of the ribosome slows down, and as a consequence, an accumulation of ribosome footprints before translation start sites of translated open reading frames can be observed [15] , [27] . In the elongation step, the ribosome translates the codons three nucleotides at a time. For a well translated region, the amino acid is continuously synthesized by ribosome resulting in an appearance of ribosome footprints in this region without a large break. During termination, the ribosome dissociates at the stop codon. To identify translated uORFs, we generate several features measuring ribosome footprint distribution patterns that are characteristic for the different stages of translation ( Fig. 1 ). Our rational is that translated uORFs should display these features accordingly.
In addition, several features of functional uORFs are known to impact the translation of downstream main ORFs, for example the length of uORF and the distance between the uORF and its main ORF [28] . We include these features in our model. The following describes the individual features in detail.
Denoted the sequence positions of an uORF with length in a transcript . We assume that the main ORF starts at position in . For we denote the number of ribosome footprints mapping to by . We computed 12 features for each possible uORF: 1) Distance from uORF start to the start of main ORF: . 2) Distance from uORF end to main ORF: . 3) Length of uORF: . 4) Distance from uORF start to the nearest peak of the ribosome density curve:
. Assume the number of ribosome footprints aligned to the positions of a gene with length were counted as . We use a kernel smoother to estimate the ribosome density curve:
where is the kernel function and h is the smoothing parameter (bandwidth). We used the R function density with kernel function Gaussian and bandwidth 5. Peaks of the density curve indicate positions where ribosome footprints accumulate. We have 5) Ribosome footprint density of a uORF:
, with 6) Maximum local ribosome footprint density of uORF: . The local ribosome footprint density is calculated using a sliding window of size 3 along the uORF region.
is the maximum value of the resulting local ribosome densities. 7) Minimum local ribosome footprint density of uORF:
. The value is computed analogously to . 8) Ribosome footprint density for the region left of uORF:
. The ribosome footprint density upstream of uORF indicates ribosome loading before start codon. We chose 15 base pairs as it is about the half length of ribosome in Arabidopsis. We have 9) Ribosome footprint density for the region right of uORF:
, with 10) Variance of ribosome footprints distribution along uORF region: , with
where is the mean value of in the uORF region. 11) Ribosome density of UTR region:
. Assuming the UTR region extends from position to position on a transcript, we have 12) Ribosome density of CDS:
. The value is computed analogously to .
C. Semi-Supervised Learning: Clustering Based Classification
Translated transcript regions show a characteristic ribosome footprint distribution pattern. Unfortunately, there were only 8 experimentally verified translated uORFs that are well expressed in our samples. Since these experimentally characterized uORFs showed the expected ribosome footprint distribution pattern and occurred in a distinct cluster of selected, highquality uORFs, we used a clustering based semi-supervised approach, similar to the text classification algorithm described in [17] , to identify translated uORFs in our data. Our approach consists of two steps: 1) Clustering step: we cluster selected unlabeled data points under the guidance of labeled data to obtain an expanded training set. The details of the approach are described in Sections II-D and III-A. 2) Classification step: we use the generated training data to train a stacked classifier. The details of the approach are described in Section II-E. The algorithm is given below. 
D. Clustering and Training Set Construction
We performed -means clustering to identify groups of similar uORFs. The resulting clusters were characterized with respect to their translation behavior. A detailed description is given in Section III-A. The training set is constructed based on our clustering results. The positive class (translated uORFs) is chosen from cluster 2.1 (see Fig. 3 ). The uORFs in this cluster show the characteristic distribution of ribosome footprints in a canonically translated uORF. There are 76 uORFs in this cluster. The negative class is randomly selected from clusters 1 and 2.2. The uORFs in these clusters exhibit a small ribosome footprint density, or ribosome footprints accumulate far from the translation start site. We selected 76 records from both classes, resulting in a training set with 152 records.
E. Stacking Classification
Our classification model is developed based on the positive and negative classes described above. We use five base-level classification algorithms: a -nearest neighbor classifier, a support vector machine (SVM), a decision tree, a Naïve Bayes classifier, and a neural network. We have chosen these five algorithms because they used the different classification strategies. Each classifier was tuned and the model with lowest error rate was used. The performance of the different classifiers was evaluated by a leave-one-out cross validation.
Stacking is a method that combines the predictions of several base-level classifiers by a meta-level classifier in order to improve predictive accuracy. More precisely, following the description in [20] , [21] : given a training data set and learning algorithms , stacking first uses to learn a set of base-level classifiers , with for . Subsequently, using the predictions of , a meta-level classifier MC is learned. Correspondingly, during the prediction step, data features are first used by the base-level classifiers. Then, the resulting base-level predictions are used by the meta-level classifier to generate the final prediction. It has been shown that stacking can combine the expertise of different base-level classifiers while reducing their bias [20] , [21] .
Here, we apply stacking with five different base-level classifiers to the features from the uORF regions in the training set. First, we use our training set to train the base-level classifier. We record the results of the base-level classifiers and use them together with the extracted features of the training set to generate a meta-level k-nearest neighbor classifier. We use leave-one-out cross validation to evaluate the performance of our approach. Suppose our training dataset consists of records . For each record , , we train the base-level and meta-level classifiers using , and we evaluate their performance using .
F. Association Rule Mining
Association rule mining is a powerful tool to discover interesting patterns-for a detailed description we refer the reader to [29] . We apply association rule mining to find groups of sequence features associated with the translation status of uORFs. We computed for each uORF the following sequence features, numerical features were discretized into 5 groups (small, medium_small, medium, medium_large, and large) using equal frequencies:
• Length of 5'-utr/cds/3'-utr for the gene that contains the uORF (futr/cds/tutr).
• Order of uORF, indicating the relative position of each individual uORF along the 5'-UTR (order).
• Reading frame of uORF with respect to the main ORF (rf: 0/1/2).
• Number of uORFs that occur in the gene (no_of_uorf).
• Minimum free energy of the uORF region (mfe). The minimum free energy was computed using the ViennaRNA package [30] . • Occurrence of A or G at position 3 before the start codon (a_g_3: 0 absence, 1 presence).
• Occurrence of G at position 4 after the start codon (g_4: 0 absence, 1 presence).
• Instability index for uORF peptides (ins: stable or instable) [31] . Peptides with instability index smaller than 40 are predicted as stable.
• Potential protein interaction index for uORF peptide (pii: bp or nbp) [32] . Proteins with potential protein interaction index higher than 2.48 are considered as high binding potential (bp).
• Codon adaptation index for the uORF region (cai) [33] . For each uORF, we record the corresponding set of sequence features and the translation status (translated or untranslated) of the uORF as items in a transaction . The resulting transactions form our transaction database . An association rule describes an implication between the items of and , where and are disjoint itemsets. In our analysis, we constrain the left-hand-side of r to sequence features, and the right hand side to the uORF translation status. Three parameters were used to select relevant rules: support, confidence, and lift. Support of rule corresponds to the proportion of transactions in that contain . Confidence measures the proportion of transactions that contain among the transactions that contain . Lift is calculated as the support count of divided by the product of support count and support count of . The lift value measures the departure from a random model; a lift value larger than 1 indicates a positive association between and . We used the Apriori algorithm [27] implemented in the R package arules (http://cran.r-project.org/web/packages/arule/index.html [26] ) to find rules that meet our thresholds for support (0.02) and confidence (0.8). The resulting rules are sorted according to the lift value and listed in Table V. III. RESULT
A. Cluster Analysis
To identify groups of similar uORFs, we performed a cluster analysis using -means clustering and Euclidean distance. We restricted our analysis to well-expressed genes that contain one single uORF in their 5' UTRs to avoid ambiguities that might occur if different translated and untranslated uORFs appear in close proximity on the same transcript.
To determine a suitable number of clusters , we used the average silhouette value [34] . The silhouette value measures the fit of a data point within its cluster in comparison with neighboring clusters. Silhouette values are in the range of 1 to 1. A silhouette value close to 1 indicates that a data point is in an appropriate cluster, while a silhouette value close to 1 indicates that it might be erroneously assigned. Fig. 2 shows the average silhouette value for different numbers of clusters . The average silhouette values for clusters are similar and clearly larger than average silhouette values for . Fig. 3(a) shows the evolution of clusters for . For , we have 2 clusters: cluster 1 and cluster 2. For , cluster 2 is further divided into cluster 2.1 and cluster 2.2. When is further increased to 6, the clusters 2.1 and 2.2 remain unchanged, while cluster 1 is divided into multiple clusters.
To identify translated uORFs, we have focused on ribosome footprint density in the uORF region and the distance from uORF start to the nearest peak of the density curve . These two features are the most important features that determine the translation status of uORFs [15] , [27] . Fig. 3(b) shows a scatter plot of and superimposed with the point density as background. The figure shows three clusters that coincide with the cluster reported by 3-means clustering: cluster 1 (diamond-shaped points at the bottom) consists of uORFs for which only few ribosomal footprints have been detected, indicating that uORFs from this cluster are not translated. In contrast, the uORFs of the other 2 clusters show ample ribosomal footprints. cluster does not provide additional information for the translated uORFs, we decided to choose for our subsequent analyses.
To learn the characteristics of the uORFs in the different clusters, we analyzed their features. There are no ribosome footprints in the uORFs from cluster 1, and we hypothesize that the uORFs in this group are not translated. The group accounts for about 65% of the total uORFs in our dataset. The uORFs from cluster 2.1 and 2.2 have a positive footprint density , but we observed significant differences in the variable . is significantly larger in cluster 2.2 indicating that fewer ribosomal footprints accumulate at the start codon of the corresponding uORFs. This is inconsistent with translated open reading frames [10] , [15] . In addition, we analyzed: 1) Experimentally verified uORFs: there are two experimentally verified uORFs whose genes are well expressed and translated in the dataset. Both uORFs belong to cluster 2.1. 2) GO terms of uORF-containing genes: we used AgriGO [35] to identify overrepresented GO terms with significance level 0.05. Genes in cluster 2.1 show terms such as biological regulation (GO:0065007), metabolic process (GO:0008152), and cellular process (GO:0009987). This is consistent with the GO term annotation of currently known uORF-containing genes [5] , [6] , [10] , [36] . We did not find significantly overrepresented GO terms for cluster 1 and 2.2.
3) Local minimum coverage of ribosome footprints in a uORF region : A value larger than 0 indicates the continuous translation of ribosomes in the region. Ideally, a well translated uORF should show for only a small fraction of its length. We found a statistically significant difference of this value between cluster 2.1 and cluster 2.2. For cluster 2.1, about 20% uORFs have , whereas in cluster 2.2 we have 74%. 4) Ribosome footprint density in the first 6 bp region immediately after the start codon: we checked the footprint density immediately after the start codon. Our analysis indicates that 70% of uORFs in cluster 2.2 do not show any footprints in this region. In contrast, all uORFs in cluster 2.1 show a non-zero footprint density in this region. Based on these observations we chose the uORFs in cluster 2.1 as templates for translated uORFs and used them as positive class to train our classifiers. After inspecting representative examples from cluster 2.2 (see reads coverage plot in Fig. 2(b) ), we hypothesize that some of the uORFs in this cluster might use a different, non-canonical translation start site.
B. Performance Evaluation
To compare the performance of our base-level classifiers, we compared the data points of the training set that are identified correctly by a specific algorithm using leave-one-out cross validation. We found a large overlap between algorithms, however, each classifier also detects a certain proportion of the data which is not detected by the other algorithms (Table I ). The results suggest that each classifier has its own expertise for classifying uORFs correctly, thus, we apply stacking to combine the expertise for each classifiers in order to get more accurate predictions.
To further evaluate the performance of our classifiers, we performed leave-one-out cross validation and calculated accuracy, precision, recall and f-score. Receiver operating characteristic curve (ROC curve) was also used to assess the overall performance [37] . The area under the curve (AUC) indicates the performance of a classifier. The larger the area, the better is the performance of a classifier. Accuracy, precision, recall, and f-score are defined as follows. Denote , , and is the number of true positives, false negatives, true negatives, and false positives. We have To demonstrate the power of our stacking approach, we compared the performance of stacking with the performance of the individual base classifiers (Table II, Fig. 4 ). The result shows stacking outperforms the underlying base-level classifiers for all values except for recall which indicates stacking has very good prediction accuracy. We used our model to identify translated uORFs, and compared our predictions to the results from previous studies. We collected experimentally characterized uORFs from current research papers [5] , [6] , [8] , [38] - [43] , untranslated uORFs according to the experiment, and downloaded the conserved uORFs annotated by TAIR. The results are shown in Table III . For the genes expressed and translated in our experiment, our method detects 75% of the experimentally verified uORFs. Similarly, most of the conserved uORFs identified through conservation search among multiple-species are identified by our approach. These results suggest that conserved uORFs are often translated.
C. Translated uORFs in Arabidopsis thaliana
Our stacking approach identified 5360 translated uORFs. The identified uORFs occur in 2051 genes, which account for about 6% of the all annotated genes in Arabidopsis thaliana. Likely, this number is under-estimation since about 30% of uORF-containing genes were not transcribed in our experiment.
Among the genes that contain translated uORFs, the majority ( 58%) contain only one single uORF. However, there are few genes that include up to 30 uORFs. To further characterize genes that contain translated uORFs, we performed a GO-term enrichment analysis using AgriGO [35] . Enriched GOterms with significance level 0.05 include catalytic activity, binding, transferase activity, phosphotransferase activity, kinase activity and transcription regulator activity (Fig. 5(a), (b) ).
Remarkably, the majority of translated uORFs occur in multi-isoform genes. When comparing single-and multi-isoform genes with respect to the occurrence of translated uORFs, we found a significant difference ( -, Fisher's exact test): only 3.4% of the single-isoform genes contain translated uORFs, whereas about 19% of the multi-isoform genes contain translated uORFs (Fig. 5(c) ). About 15% of these uORFs do not occur in all transcripts generated by the multi-isoform gene. See Table IV and Fig. 5 (c) for a detailed breakdown.
Ribosome footprinting provides us with a way to measure translation efficiency (TE) of the main ORF, thus we were able to investigate the role of uORFs in the regulation of gene translation. TE is calculated as the ribosome footprint density divided by its corresponding RNA-seq read density, and it indicates how well a transcript is translated [13] . We compared the TE between genes with translated uORFs and genes without translated uORFs, and we found a significant reduction of TE for transcripts with translated uORFs - (Fig. 5(d) ).
D. Features Associated With Translated uORFs
To further investigate the mechanisms involved in uORF translation we searched for features that are associated with the translation status of uORFs. We extracted a set of sequence features from the vicinity of translated/untranslated uORF regions and performed association rule mining to identify features associated with the translation status of the assessed uORFs. The rules that meet support (0.02) and confidence (0.8) thresholds are shown in Table V . We found that translated uORFs tend to be present in the genes with long coding sequences, 5' UTR and 3' UTR and have a smaller number of uORFs in their 5'-UTR region as compared to genes with untranslated uORFs.
It has been suggested that the sequence context near the translation start site influences the translation of a coding region [44] . In higher plants, the most conserved sequence patterns near the translation start site of highly expressed genes are the presence of A/G at position 3, and the presence of G at position 4 [45] . However, in general, sequence conservation in the vicinity of the translation start site differs among species. In our analysis, we found rules that associate the presence of A or G at positions 3 and 4 with respect to the start codon with translated uORFs. On the other hand, our analysis produced rules that associate the absence of A or G at the corresponding sequence positions with untranslated uORFs. We also found rules that include features other than the sequence context of the start codon. For example, the peptides encoded by translated uORFs tend to associate with high codon bias. Some features occur in rules that describe both translated and untranslated uORF. For example, there are rules that show the peptides in both translated and untranslated uORFs have non-binding potential, but a uORF with non-binding potential peptides and a short UTR tends to be untranslated. These results indicate that uORF translation is a complex process that may require the interaction with multiple sequence features.
IV. CONCLUSION
In this paper, we described a semi-supervised approach to identify translated uORFs using ribosome footprinting data in combination with additional genomic features. We have chosen this approach because due to the extremely small number of experimentally characterized uORFs a simple classification approach likely would result in unreliable predictions. Since we have observed that the distribution of ribosome footprints follows characteristic patterns during the different stages of translation we expect that incorporating unlabeled data points that follow these distribution patterns, and cluster with the experimentally validated uORFs, will help learning the true characteristics of translated uORFs, and likely improve our results.
Using this approach, we identified 5360 translated uORFs in 2051 genes, which account for 6% of the annotated genes in Arabidopsis thaliana.
Previously, it has been shown that genes encoding transcription factors are over-represented among the genes containing conserved uORFs [48] . Our study confirms these results. In addition, our analysis highlights other regulatory functions, such as catalytic activity, transferase activity and kinase activity enriched in genes that contain translated uORFs.
Several studies have suggested that uORFs may control expression of downstream main ORFs via different mechanisms [1] , [2] . Often, a uORFs attenuates the translation of the main CDS due to a reduction of ribosome re-initiation at the downstream translation start site [1] , [2] . The presence of a uORF might also create a premature termination codon, and thus trigger nonsense-mediated decay [49] , [50] . In addition, various sequence features that affect translation status and translation speed, often in combination with uORFs, have been The sequence features (items) are described in Part F of Material and Methods. UN: untranslated uORF, TR: translated uORF. All reported rules are statistically significant and have adjusted p-values smaller than 1.21E-03. P-values are calculated using a chi-square test [46] and adjusted using Bonferroni correction [47] .
reported [28] , [51] , [52] . Our analysis is consistent with these observations. We also found a statistically significant reduction of TE in genes with translated uORFs. In addition, association rule mining revealed sequence features associated with the translation status of uORFs. We hypothesize that the corresponding association rules describe the translation behavior of uORFs.
A further result of our study is the observation that translated uORFs occur with a higher frequency in multi-isoform genes than in single-isoform genes. Several uORFs occur only in a subset of the transcripts generated from the corresponding gene locus. We hypothesize, that in some cases alternative transcription start sites, or alternative splicing events, might regulate presence and absence of translated uORFs.
Together, these results suggest that uORF translation and, consequently, the translation of the corresponding downstream main ORFs is a complex process that may be regulated by multiple factors.
In summary, this study provides a novel bioinformatics approach to identify potentially translated uORFs in the Arabidopsis genome using Ribo-seq data. Our analysis provides a list of candidate uORFs for future functional analyses. We expect that additional translated uORFs will be found in the future as more ribosome footprinting datasets become available for Arabidopsis and additional uORFs get experimentally validated.
V. SUPPLEMENTAL MATERIALS All the predicted translated uORFs are available online at: https://www.dropbox.com/sh/zdutupedxafhly8/ AABFsdNR5zDfiozB7B4igFcja?dl=0.
